The field of quantified risk assessment is a new field, only about 20 years old, and already it is considered to be in a crisis. As Funtowicz and J.R. Ravetz (1985) put it:
This last sentence is important because triggering statute 4(f) requires only that there may be a reasonable basis to conclude that a significant risk exists, and not that there is a reasonable basis for such a conclusion. In itself 4(f) does not call for any regulation. It is simply a call for closer scrutiny based on an indication that there may be a significant cancer risk. The suspicion which led to these hearings was that the agency was altering the widely accepted standards for carcinogenic risk assessment, and that it was doing so in order to garner "expert scientific support" for furthering the aim of anti-regulation. One of the main reasons for this suspicion was that the new Administration did not base its decision against a 4(f) designation on any new data beyond the PRL-1 document which had been the basis for the original, and opposite, recommendation (though, as mentioned, it did conceal some evidence supporting a 4(f) designation). Rather, the new Administration proceeded to hold a series of secret meetings restricted only to certain scientists and lawyers from the Formaldehyde Institute, the Formaldehyde Trade Association and EPA staff. In these meetings they reinterpreted the data and, without the usual peer review, came to the opposite conclusion than that endorsed by numerous eminent scientists and agencies. As one attorney with the Natural Resources Defense Council (Dr. Warren) put it:
All of this was in
There are no new data to support the reversal, only a reinterpretation which has been advocated by and is quite favorable to the interests of the formaldehyde industry. Those new assumptions, as we have heard, depart radically from accepted principles of cancer risk assessment.... In our view, this has been an effort to get the Government off the back of the formaldehyde industry. (Hearing, p. 188)
The disagreement was not about the level of risk required before triggering 4(f) i.e., for judging that a substance may pose a significant or serious human risk. Todhunter maintains that he was holding the same range of risk which agencies have tended to deem of public concern.5 Nevertheless, on the same evidence, different conclusions are reached. If going from data to risk assessments was a matter of applying a single universally accepted best method, then this difference in resulting assessment could not occur. That disagreement does occur shows there is no such algorithm for risk assessment. The fact that assessments are nevertheless reached is typically taken as grounds to conclude that extra-scientific, cultural, social, ethical or other contextual values must be entering. For some, this conclusion shows that something is wrong and that we need to try to avoid or somehow neutralize the entry of non-scientific interests. In the formaldehyde casewhich came at a time during which such politicization at the EPA was rampant-this attitude resulted in the above mentioned hearing to determine if the EPA was altering the standards for carcinogenic risk assessment. Later, the National Academy of Sciences issued a report stressing the need to separate the science of assessment from the social and policy values that enter at the level of risk management (National Research Council). But a growing body of risk literature questions the possibility that scientific risk assessment can ever be free of the policy values appropriate to risk management. To this group, policy in science is not a violation, but rather is inevitable. However, there are very different grounds for reaching such a view, and it is important to separate them.
The Sociological Relativist View
On one set of views, which I will call the sociological relativist view, scientific risk assessment-indeed science generally-is inevitably a product of, if not entirely constructed from-socio-cultural values. An example is the influential socio-cultural theory of risk assessment of Douglas and Waldavsky. According to Douglas and Waldavsky:
The risk assessors offer an objective analysis. We know that it is not objective so long as they are dealing with uncertainties and operating on big guesses. They slide their personal bias into the calculations unobserved. (Douglas and Waldavsky 1980, p.80) Risk assessment, on their view, is totally determined by socially constructed methods and judgments; they are social constructs. This view provides an explanation of conflicting risk assessments in terms of the different policy judgments and competing 'world-views' of different assessors.
Granted one can find competing political interests to explain the conflicting risk assessments in the case of formaldehyde-as searching the fascinating testimony shows.
The EPA and Todhunter were influenced by the political commitment to anti-regulation, and one can explain the Todhunter Memo, as one attorney argued and as we have already noticed, as "an effort to get the Government off the back of the formaldehyde industry" (Hearing, p. 188). Likewise, in defense of Todhunter one witness (Mr. Walker) maintained that the opposition were "a few disgruntled employees of the EPA who [simply because they want to place formaldehyde under 4(f)] feel justified in waging guerrilla warfare against the Agency and those in positions of authority" (Hearing, p.4).
But however well a story about background interests, social values, and negotiation may explain a risk assessment, and however much our assessment tools are products of social beings and institutions, the question whether or not a risk assessment is warranted is not a matter of social values; it is a matter of what the risk actually is. Sociological relativists are led to consider "objective" physical risks either unattainable or unimportant. However, they hold an overly stringent conception of objectivity-one that is precluded by the need to make inferences under uncertainty without algorithms. Such relativists consider the entry of any and all judgments subjective and biased; as we saw in the quote from Douglas and Waldavsky.
Risk Assessment Policy (RAP) and RAP Relativism
While the sociological challenge to objectivity may be countered by denying that objectivity requires neutral algorithms or freedom from uncertainty, there is a different basis for challenging the objectivity of risk assessments-one which does not turn on an overly narrow conception of objectivity and does not deny the importance or possibility of measuring physical risks. This second view stems from the nature of the judgments and decisions that are required in order to carry out risk assessment estimates. For example, one must decide what data to collect, how large a sample size to take, what levels of reliability (e.g., statistical significance) to use, how to weigh studies with different results (e.g. whether they should be weighed according to statistical power), what models should be used to extrapolate from animals to humans, etc. Because these judgments involve choices with no unequivocal scientific answers-at least at present-and since these choices have policy implications, they are intertwined with policy. Thus they are not just a matter of objective science. These judgments may be called risk assessment policy (RAP) judgments.
The view that risk assessment is necessarily entwined with policy because of the inevitability of making RAP judgments may be called RAP relativism-to distinguish it from other more extreme relativistic views (e.g., sociological relativism). Among the first to articulate a version of RAP relativism was Alvin Weinberg, who placed what I am calling RAP judgments under his term trans-science-"questions which can be asked of science and yet which cannot be answered by science" (1972, p.209). Now the view is fairly widespread. A congressional report from the National Academy of Science in 1983, which resulted from the suspicion that agency science was being politicized (e.g., as represented by the formaldehyde case), offers a very useful delineation of over 50 junctures at which RAP judgments enter in the course of making risk assessments.6 Carl Cranor has recently provided a clear statement of what I am calling RAP relativism in regards to the judgments required in specifying methods of risk estimation:
[T]he supposedly objective scientific studies used for estimating risks to human health...are considerably more controversial and political than most people think. ...a wise and conscientious scientist with perfect test data cannot help but make moral and policy judgments in order to interpret an epidemiology study and to produce the risk numbers that are the outcome.......the moral and policy judgments are forced by the statistical equations themselves and the choice of variables employed in them.7 (Cranor 1987) The basis for Cranor's allegation is that each RAP choice has policy implications. That is, each choice influences the chance that the substance will be considered a significant risk to humans; in other words, it affects the protectiveness of the risk assessment.
The conflicting assessments in the formaldehyde case stem from different choices of RAP options. In particular, while the CIIT report and the PRL-1 accorded high weight to the positive animal results and denied that negative epidemiological studies warranted concluding no increased human risk, the Todhunter Memo did just the reverse. The Todhunter Memo deemphasized the positive rat studies and-most importantly-took the negative epidemiological studies to indicate low increased human risk or none.8 And the reason a result was considered negative was itself a result of a particular choice of statistical analysis-also a RAP judgment. With an EPA purged of scientists save those tending to favor anti-regulation, there was plenty of leeway for the Agency to consistently choose the inference option least likely to have a protective outcome. Under the guise of demanding stringent scientific evidence, these policy choices made it extremely unlikely that a substance would be claimed to pose a significant human risk. In contrast, those who endorsed the original PRL-1 made a more protective RAP choice. On the RAP relativist account, therefore, the conflicting risk assessment results from the difference in the view of those concerned as to how protective regulations should be; it is a policy conflict.
Although RAP relativism is less threatening to objectivity than sociological relativism and sociological reductionism, it shares some of the same implications for risk assessment. First, it implies that risk assessment judgments (at least where there is uncertainty) inevitably reflect policy judgments, and risk assessment disagreements largely reflect disagreements about policy -including moral, social, economic or other values typically considered "non-scientific". Thus, science is given little role in an unbiased adjudication of disagreements over risk assessments. If interpreting scientific results is necessarily colored by social and political contexts, it is impossible for science to provide risk assessment oversight that is fully objective.
Second, if it is true that in reaching a risk assessment (based on RAP judgments) one cannot help making an ethical choice about how protective one should be, then it does not seem that risk assessment is an appropriate business for scientists. After all, scientists are not elected to make social policy choices about acceptable risk. (It was precisely the fact that EPA scientists were guilty of politically motivated assessments that led many to decry the politicization of EPA science during the time of the formaldehyde reassessment.) If risk assessment judgments are policy judgments, then dealing with the uncertainties involved in RAP choices should be performed by policy makers and ethicists, not scientists.
However, such a practice allows policymakers to fall into all manner of misinterpretations of the assessment evidence. (See, for example, Silbergeld.) If RAP judgments are made by non-scientist policymakers, they are divorced from the original issues and uncertainties underlying the different risk estimates. At the same time, the scientist is limited to presenting possible RAP choices, but is involved neither in making them nor in bringing out the implications for protectiveness. For example, if the scientific work ends after reporting two possible estimates that may be used, say, a maximum likelihood estimate and an upper 95% confidence bound, then the scientist will not be around to explain how far off each of these estimates is likely to be from the actual risk and why. This permits the assessor to make the final choice (e.g.,about which estimate to use) without acknowledging what standard of protectiveness he is effectively requiring in choosing a given option (e.g., that the maximum likelihood estimate is less protective than the upper 95% confidence bound).
Without investigating further the consequences of RAP relativism here,10 I want to consider whether the need to make decisions in applying statistical risk assessment methods really does have this relativistic consequence-i.e., the consequence that interpreting results necessarily requires policy judgments. I shall argue that this conclusion may be avoided.
It may be admitted that the conflicting assessment of formaldehyde is explainable by different (more and less protective) choices of RAP options (i.e., whether or not to accord higher weight to the positive animal results than to the negative epidemiological studies). But this would not lead to RAP relativism unless adjudicating between them is itself relative to a stance on how protective we should be. I shall argue it is not so relative. Granted, there will be latitude for choice among possible RAP options. Granted also that each choice has a policy implication-influencing the likelihood that a substance will be judged to pose a significant hazard to human health. Nevertheless, this does not preclude objective scrutiny as to whether a given assessment is warranted by the evidence. Whether given evidence warrants a given risk estimate is a matter of scientific not social acceptability-that is, it is a question of how well the inferred estimate reflects what is really the case about the causal effect of the substance in question. The latitude in choosing RAP options does not preclude the objective scrutiny needed to answer this question.
Focusing on the RAP judgments involved in interpreting statistical tests, I shall argue that risk estimates are necessarily policy judgments only under misuses of the statistical tests involved-ones which, unfortunately, are encouraged by the manner in which tests are often formulated and taught.
Neyman-Pearson (NP) Tests
The type of statistical test standardly used in reaching risk assessments is the Orthodox or Neyman-Pearson test (NP test), often in combination with Fisherian significance tests. The test considers hypotheses, typically assertions about a property of some population: a parameter. In the formaldehyde case, the hypotheses are assertions about the parameter which I will call A, the increased cancer risk in the population-humans. The NP test splits the possible parameter values into two: one representing the test (or null) hypothesis H, the other the set of alternative hypotheses J. The test hypothesis H in the formaldehyde case asserts that formaldehyde does not cause an increase in a person's risk of dying from cancer of a give type. That is, it asserts that there is a 0-increase in the hazard rate, i.e., A = 0 . The alternative hypotheses assert that formaldehyde causes a positive increase, i.e., A > 0. Since here one is looking for positive discrepancies from 0, this is a one-sided test, which I call test T+:
Test T +: Test (null) hypothesis H asserts A = 0 (no increased risk)11
Alternative hypothesis J asserts A > 0 (a positive increased risk).
The test considers a test statistic that describes an aspect of the outcome of interest. One statistic in testing formaldehyde is D, the difference in cancer rates between the subjects exposed and those unexposed to formaldehyde:
Test Statistic D: the difference in cancer rates between the subjects exposed and those unexposed to formaldehyde.
Corresponding to each observed difference is its level of statistical significance, defined as follows:
The Statistical Significance Level of an Observed Difference Dobs is the probability with which so large a difference arises assuming the null hypothesis H is true, i.e., Prob(D > Dobs, given that H is true).
A good way to see significance levels is as standard measures of distance from H, except with this inversion: the larger (and more significant) the distance, the smaller its significance level.
An NP test consists of a rule which specifies, before the observation is made, how statistically significant (i.e., how improbably far) an observed difference must be before it should be taken to reject H. As long as there is variability in the effect (e.g., not all who are exposed get cancer, and not all who get cancer are exposed), and as long as only a sample from the population is observed, there is a chance the test will make an error. Two types of errors are considered: First, the test leads to reject H (accept J) even though H is true (the Type I error); second, the test leads to accept H although H is false (the Type II error). A test with size a rejects H when in fact H is true-i.e., it commits a Type I error-with probability no more than a. The smaller the test's size a, the less frequent the Type I error. But by making a smaller the test suffers an increase in the frequency with which it accepts H even when in fact H is false (and so should be rejected)-i.e., an increase in the frequency of a Type II error. The probability of a Type II error is denoted by 13. a and 13 are the test's error probabilities:
Error Probabilities: a is the probability of an erroneous rejection of H (Type I error); B13, the probability of an erroneous acceptance of H (Type II error).
Since these two error probabilities cannot be simultaneously minimized, the NP model instructs one to first fix a, the size of the test, at some small number, such as .05 or .01. (In other words, the test is specified so as to ensure it is very improbable for the test to reject H when the hypothesis H is true.) One then seeks out the test which at the same time has a small B13. 1 -B is the corresponding power of the test. Because in our case alternative hypothesis J contains more than a single value of the parameter, i.e, it is composite, the value of B13 varies according to which alternative in J is assumed true. The "best" NP test of a given size a (if it exists) is the one which at the same time minimizes the value of 13 (i.e., the probability of type II errors) for all possible values of A under the alternative J. I shall refer to a specific simple alternative hypothesis as J:A = A'.
We have now to ask: Are test specifications matters of policy values?
The test's error probabilities, a and B, are objective in that they refer, not to subjective degrees of belief, but to relative frequencies of error in sequences of applications (whether similar or dissimilar) of a given experimental test.12 And NP tests are objective in the sense that they control the error probabilities of tests regardless of what the true, but unknown, value of A is. However, the error probability specifications themselves go beyond the objective formalism of NP tests. As Neyman and Pearson note:
From the point of view of mathematical theory all that we can do is to show how the risk of the errors may be controlled and minimized. The use of these statistical tools in any given case, in determining just how the balance should be struck, must be left to the investigator. (Neyman and Pearson 1933, p. 146) As a result, NP tests were developed in a certain decision theoretic framework where there would be a clear basis for the test specifications. Neyman called the resulting theory of tests an objective theory of inductive behavior. Here tests are formulated as mechanical rules or "recipes" for reaching one of two possible decisions: "act as if H were true" or "act as if H were false", according to whether H is accepted or rejected. Such "machinery" produces automatic acceptance or rejection of H. For example, rejecting H in our formaldehyde case may be associated with a decision to trigger 4(f). For each decision there are certain losses and costs associated with acting on it when in fact H is true. By considering such consequences the scientist is, presumably, able to specify the risks he can "afford". (It is imagined that the scientist first specifies ca as the maximum frequency with which he feels he can afford to reject H erroneously, and then seeks to minimize the value of B.) However, this opens the door to the RAP relativist's concern. For such considerations of consequences-in our case social, ethical,and economic-are clearly policy matters; so it appears that specifying a test is tantamount to making a policy decision-just as the RAP relativists contend. But if the domain of a scientist is objectively finding out what is the case as opposed to setting policy goals, then he does not seem to be in the position of making the needed test specifications. And if he is left to make these value judgments, the results necessarily reflect, not just what is the case about the cause, but what he believes about when a substance ought to be regulated-e.g., placed under 4(f)-and that is precisely the RAP relativist allegation. If this is true, then it is impossible for an assessment to be wholly objective-where by "objective" I mean reflecting what is the case about the risk and not one's policy preferences.
How are we to avoid this conclusion and with it the charge that risk assessors necessarily make ethical and policy decisions in reaching and interpreting risk estimates? The answer is to be found in rejecting the automatic use of tests where the null hypothesis is accepted or rejected according to whether the preset significance level is reached, without any reflection on the evidential meaning of the specific observed result. To accomplish this, consider how one interprets a failing test score on an (academic or physical) exam. If it is known that such a score frequently arises when a subject's knowledge is deficient only to a given degree, say 6, then one would deny that such a rejection indicated the existence of a deficiency in excess of 6. For example, suppose a student obtains a failing score on an examination. But suppose such a failing score arises very frequently among students who have a deficiency 8 of only 10% of the material being tested (i.e.,they know 90% of the material). Then such a failing score is not good grounds to infer that the student has a deficiency, say, of 40% (i.e., that he or she knows only 60% of the material). Such a test is too severe for that inference. The situation is analogous in interpreting statistical tests, and the reasoning can be made precise in what we may term the severity function. Note that if we choose a small size, the test's severity against 0 is low. So the reason one wants a small size (in a non-automatic use of tests) is not the desire for low long-run frequency of error, but the desire that each particular rejection of the null hypothesis warrants inferring that the increase exceeds 0. Otherwise the result is misleading.
It is worth noting that the threat to objectivity caused by the automatic use of NP tests

Let us focus on the test T+
b. Understanding Failures to Reject H (i.e., Acceptances of H):
The problem in the formaldehyde conflict was not the interpretation of the positive rat studies (where hypothesis H was rejected), but the interpretation of the negative epidemiological ones (where H was not rejected). This problem-how to interpret negative statistical results-is one that particularly plagues epidemiological studies for estimating cancer risk. For here sample sizes are typically small relative to incidence rates of the cancer in question. Even the best epidemiological studies can rarely detect increases in cancer risk of less than 1 in 10 (one additional cancer per Consider a study that was cited in defense of the Todhunter interpretation (Hearing, pp.137-138). In a mortality study of Du Pont workers, the relative risk of dying from cancer among those in the study exposed to formaldehyde was not statistically significantly greater than among those not so exposed: the null hypothesis H was not rejected.14 Du Pont concluded that ...the data suggested that cancer mortality rates in the company's formaldehyde exposed workers were no higher than the rates among nonexposed workers. While a failure to reject does not indicate that the increase is 0, it does permit an inference about the likely upper bound of the unknown increase A. That is to say, a failure to reject H provides reason to say "the data provide good grounds that the increased risk is no greater than such and such (upper bound)". To find plausible upper bounds requires determining the extent of risk increase that with high probability would have resulted in a rejection of H, i.e, the increase against which the observed difference had high severity. In the Du Pont study, the test had a high probability (.8) of rejecting H, if the risk of cancer of the larynx were 42 times higher among exposed than unexposed workers. Hence a failure to reject H does indicate that the actual increased risk is not as high as 42-fold. (This follows from the fact that if the test has high power against an alternative, it has high severity against it.) This leads to a general rule for understanding an acceptance of H with respect to test T+ (converting talk of ratios to differences) rule [RA]:
[RA]: A T+ acceptance with observed difference Dobs indicates that the actual increased risk A is less than A' to the extent that a larger difference would be probable, were the increase as great as A' -i.e., to the extent that the severity of Dobs against the hypothesis that A = A' is high.
So reasonable upper bounds are risk increases (A-values) that yield high severity values.
Correspondingly, the smaller the test's severity against A', the less well a T+ acceptance indicates that A < A'.
As indicated on the chart above, the Du Pont study had a fairly good chance (80%) of detecting a 3-fold increase in the relative risk of lung cancer, and a 57-fold increase in the risk of cancer of the pharynx. So, even ignoring some methodological difficulties with the study, its negative statistical results at most indicate that the various cancers are no more than 3 or 57, etc. times as likely among workers exposed to formaldehyde. They clearly do not warrant the conclusion reached by Du Pont and others, that the study supports the claim of no increase in ( l1The same test would be used were the null hypothesis to assert that A < 0.
12Since within the context of NP tests parameter A is viewed as fixed, hypotheses about it are viewed as either true or false. Thus, since a probability is interpreted as a relative frequency, it makes no sense to assign such hypotheses any probabilities other than 0 or 1.
13A discussion of these responses occurs in Mayo (1985) . 14In the Du Pont study, 481 cases of male cancer deaths among employees between 1957-1959 constituted the cases. These were matched on relevant factors with controls who did not die of cancer. The statistic observed was the relative odds ratio, the ratio of the odds of having been exposed to formaldehyde among cases and controls. For simplicity, I refer here to the risk rather than the relative risk.
15The difference between power and severity is that while severity is a function of the particular observed difference Dobs, the power is a function of the smallest difference judged significant by a given test. Let D* be the smallest difference test T+ judges significant. (i.e., D* is the critical boundary shown in Fig. 1 beyond which the result is taken to reject H.) Then, power is defined as follows:
The power of test T+ against alternative A = A' equals the probability of a difference as large as D*, given that A = A'.
The severity, in contrast, substitutes Dobs in for D*. The advantage of the severity function, I claim, is that it affords an understanding that reflects the difference that has actually been observed. 16For further discussion of this relationship, see Mayo (1985) . Poole (1987) .makes use of what are essentially severity curves in interpreting statistical results. Such curves are also employed by Kempthorne and Folks (1971) .
